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Abstract

This study proposed OP-LLM-SA, a knowledge distillation-based lightweight model, for
building an on-premise AI system for public documents, and evaluated its performance
based on 80 public documents. The token accuracy was 92.36%, and the complete sentence
rate was 97.19%, showing meaningful results compared to the original documents. During
inference, the GPU environment required only about 4.5 GB, indicating that the model
can be used on general office computers, and Llama-3.2’s Korean language support model
showed the best performance among the LLMs. This study is significant in that it proposes
a system that can efficiently process public documents in an on-premise environment. In
particular, it is expected to be helpful for teachers who are burdened with processing public
documents. In the future, we plan to conduct research to expand the scope of application
of text mining technology to various administrative document processing environments
that handle public documents and personal information, as well as school administration.

Keywords: knowledge distillation; model compression; administrative document processing;
on-premise AI; natural language processing (NLP)

1. Introduction
Most administrative processing and decision making in public institutions is carried

out through a formal document system. Public documents are official documents used by
public institutions to express the basis and actions of decision making and work in writing.
These documents record the results of public actions and serve as a means of administrative
communication for the exchange of information between institutions and citizens [1]. Public
documents, which are such an important medium, require considerable time and effort to
prepare. In the administration of South Korea’s schools, teachers are responsible for creating
and managing official documents, placing a heavy administrative burden on them [2].
Teachers handle many administrative tasks in addition to their educational activities, and
excessive paperwork is a major contributor to their workload. Therefore, there is a pressing
need to establish an efficient document creation and processing system [3].

Large language models are considered an effective alternative for efficient document
management and intelligent document processing [4]. In particular, natural language
processing technology, through LLMs, extracts content and information and constructs
new words and contexts based on the extracted information [5]. Such natural language
processing technology is considered to improve the usability of systems and enable efficient
technical support through data consistency [6].
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The documents generated in schools’ administration are becoming more voluminous,
and the need for effective management is being emphasized, but there are limitations to
directly applying large language models. School administration data mostly consists of
students’ personal information, and there is a possibility of sensitive information being
learned or leaked during LLM data learning [7]. In particular, schools in South Korea are
classified as public institutions and are subject to the information protection management
system for public institutions in accordance with Article 32-2 of the Personal Information
Protection Act. Accordingly, school administration data is recognized as public data,
and schools have established management systems to ensure that personal information
is strongly protected, such as access control, which limits the use of general cloud LLM
services [8].

In order to introduce LLMs into school administration systems, it is essential to
build an On-Premise LLM environment utilizing the school’s internal servers. An LLM
is composed of countless parameters and requires high-performance GPUs, making it
unsuitable for a school’s internal servers. Therefore, it is necessary to reduce the size of the
model so that it can be executed with limited memory. Reducing the size of the model allows
it to be executed even on low-end servers, reducing the cost of the construction of a school
internal server system and enabling the expected benefits of low power consumption. The
lightweight On-Premise LLM is suitable for personal information protection and security
and can reduce learning execution time and response latency [9].

This study designed and implemented an architecture for developing a lightweight
LLM using knowledge distillation techniques to streamline the creation and processing
of public documents used in school administration. The goal was to verify whether the
implemented On-Premise LLM could be applied to an actual school administration. The
proposed OP-LLM-SA (On-Premise Large Language Model for School Administration) is
configured to suit the CPU server environment of schools and enables the creation and
processing of official documents in real time within the internal network environment,
through data mining based on document summarization, data extraction, and generation
through learning existing school administrative documents.

This study contributes with the following:

1. The design and implementation of a Knowledge-Distilled LLM architecture using
actual datasets.

2. The verification of the applicability of the proposed model for improving the efficiency
of administrative document processing in public institutions (schools, district offices,
neighborhood offices, etc.) in an on-premise environment.

This paper is organized as follows. Section 2 reviews text mining technology and
knowledge distillation-based compression technology in LLM document processing, in-
cluding background research. Section 3 presents the design of the architecture of the
proposed OP-LLM-SA model. Section 4 presents an evaluation of the implemented model’s
performance. Section 5 presents the conclusions and future research, focusing on the
technical implications of the proposed model and directions for improvement.

Existing research on LLMs in the field of education has mainly focused on educational
content; this study is unique in that it specializes in a public document creation system
for school administration. In particular, among various administrative tasks, this study
focuses on public document processing, which is the most burdensome task for teachers;
it is expected that teachers will respond positively to an automation system for this. The
proposed OP-LLM-SA model emphasizes practicality by reflecting the legal requirements
for school administration data (such as establishing and strengthening personal information
protection management systems) while presenting measures to optimize data generation
speed and resources. In addition, as a model specialized for public document processing
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systems, it is expected to pave the way for AI-based administration solutions across other
public institutions, such as district offices and neighborhood offices.

2. Related Work
2.1. Text Mining Technology Trends and Application Cases

Text mining refers to the extraction of required information from large amounts of text
data. Text mining technology consists of text preprocessing and feature extraction stages.
First, unstructured data is preprocessed through tokenization, stop word removal, stem-
ming, headword extraction, and text normalization, and then, the features are extracted
using various technologies. Text mining technology is a field of Natural Language Process-
ing (NLP) that has proven its applicability across various domains with the advancement
of machine learning and deep learning technologies [10].

O’Mara-Eves et al. [11] utilized text mining in the research paper domain to auto-
matically filter out necessary references, thereby minimizing the time required to read
papers. Gupta et al. [12] analyzed how text mining is utilized in the banking and securities
fields, verifying its usefulness in financial data analysis. Gupta et al. [13] confirmed that a
BERT-based specialized model can accurately find information in materials engineering
papers. Taha et al. [14] analyzed various application cases focusing on core technologies in
the field of text mining.

In South Korea, research applying text mining technology to the public sector is
also actively underway. Shin et al. [15] applied text mining technology to analyze public
data released by local governments in various ways, analyzing the types of local govern-
ments, data provision formats, and data characteristics. Through this, they confirmed the
need for data openness in various areas that reflect local policies and demands. In addi-
tion, Han, S. [16] analyzed news articles related to public records using text mining, and
Lee, J.-S. [17] conducted a conceptual expansion study of public design research through
text mining.

While most of these studies introduce text mining technology and focus on cases
of extracting key information required in various fields (science, finance, public services,
etc.), this study is distinguished in that it verifies the practical applicability of text mining
technology for the automation and efficiency of school administration documents. In
addition, by utilizing an on-premise environment, this study can address the issues of
privacy and security that need to be resolved in text mining technology. Table 1 summarizes
the main contents of previous studies and this study.

2.2. Knowledge Distillation-Based LLM Lightweight Technology

Large Language Models (LLMs) are efficiently used in Natural Language Processing
(NLP) and generative AI, but their large model size, resulting from a large number of
parameters, raises issues with the need for large computing space and energy efficiency.
A representative technique for solving this problem is Knowledge Distillation (KD). KD
extracts meaningful data from a neural network model with a large number of parameters
to train a smaller, more efficient model. In other words, it is a method of transferring knowl-
edge from a “teacher” model with a large number of parameters and high performance to
a “student” model with a smaller number of parameters. Phuong, M. [18] analyzed the
working principles and theoretical basis of the KD technique and mathematically proved
that the student model can be trained reliably when soft labels are used.

Mansourian, A.M. [19] emphasized that KD is an essential technology for compressing
LLMs and foundation models, and summarized the main techniques of KD technology,
such as logit-based, feature-based, attention-based, and self-distillation. They also mention
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that knowledge distillation is being applied and developed in various fields such as 3D
data, cross-modal learning, and improving adversarial robustness.

Table 1. Comparison of previous studies on text mining technology.

Paper (Source) Field of Study Applied Method Main Objective and Outcome

O’Mara-Eves et al. (2015) [11] Systematic Literature Review
(SR)

Text mining-based literature
selection techniques

Expected improvement in the
quality of grammatical

particles in research papers
and reduction in review time

Gupta et al. (2020) [12] Financial Data Analysis Various text mining
techniques

Evaluation of the applicability
of text mining in the financial

industry

Gupta et al. (2022) [13] Materials Engineering Paper
Analysis

Domain-specific BERT model
(MatSciBERT)

Improvement in data
extraction accuracy in

materials engineering papers

Taha et al. (2024) [14] Text Classification Technology
Comprehensive review and
experimental analysis of text

classification algorithms

Latest text classification
techniques and application

examples

Shin et al. (2021) [15] Local Government Public
Data

Text mining (keyword
frequency analysis, topic

analysis)

Understanding the status and
characteristics of data

openness

Han, S. (2025) [16] Public Records and News
Articles

Keyword analysis, topic
modeling

Analysis of major issues and
social perceptions in news

articles

Lee, J.-S.; Jung, J.-H.
(2025) [17] Public Design Research Frequency analysis, keyword

network analysis

Analysis of the relationship
between main concepts and
keywords in public design

research

This paper Educational Administration
Document Processing

Text mining-based
knowledge-distilled LLM

Automation of school
administration documents

and establishment of an
efficient system

Wang et al. [20] explored various cases of KD and emphasized that diversifying data
within KD or synthesizing new data is crucial for improving distillation performance. They
also argue that, to observe the effectiveness of knowledge distillation, it is necessary to
maintain model reliability while aiming for efficiency, transparency, and ethics. Addi-
tionally, promising fields such as self-alignment and multi-modal LLMs are mentioned as
potential ways to improve KD model performance.

Yang et al. [21] analyzed knowledge distillation algorithms for Large Language Models
(LLMs) from three perspectives: methods, evaluation, and application.

To clarify this method, we classify it into white-box KD and black-box KD, with the
latter including two distinct types. We also delve into distillation and evaluation methods
in the LLM domain and present application examples in healthcare, education, and law.
Gu, Y. [22] proposed Mini LLM, which leverages knowledge distillation techniques to
maintain LLM functionality in a lightweight model.

While existing KD methods have been widely used to analyze white-box or black-box
models, research on effectively transferring small, efficient models into white-box LLMs
remains limited. Gu, Y. [22] proposed a method using reverse Kull back-Leibler (KL)
divergence to prevent the student model from learning in incorrect areas (overconfidence),
enabling the creation of small yet high-quality student LLMs. By transferring white-box
LLM functions to a lightweight student model (Mini LLM), they suggest the possibility
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of supporting high-quality, high-performance LLM services even in resource-constrained
on-premise environments.

Based on these previous studies, this study designed a proposed model that sys-
tematizes a knowledge distillation-based LLM suitable for on-premise environments and
presents its strategy.

2.3. On-Premise AI System Implementation Technology

AI technology is being used across various industries and is provided in a general
cloud environment. However, there is a need for stronger control over learning data
and processes, and restrictions may arise due to personal information, so on-premise
environments are gaining attention as a core technology. Fortuna, C. [23] presented a
plan for building AI services based on an analysis of technology stacks and automation
tools for building AI services in on-premise environments. Tachu, E.A. [24] verified the
correlation between the flexibility of on-premise infrastructure and the flexibility of cloud
infrastructure and presented a model application strategy for modular design.

Recently, various studies on how on-premise infrastructure should be linked with AI
technology have been conducted. Pillai, P. [25] analyzed strategic selection factors based
on the advantages and disadvantages of on-premise data warehousing and cloud-based
warehousing in the financial industry, and Luka, C. [26] proposed a hybrid integration
model that combines existing on-premise legacy systems and cloud services.

Gautam [27] presents data storage architectures and design considerations applicable
to cloud, hybrid, and on-premise environments for optimizing system performance in
the fields of artificial intelligence (AI), generative AI, and retrieval-augmented generation
(RAG), which rely heavily on massive amounts of data. Particularly, the importance of
data storage in system optimization is emphasized, and the necessity of designing an
architecture that considers data storage even in on-premise environments is discussed.
Based on these prior studies, this study aims to design a knowledge distillation-based LLM
architecture and analyze its practical applicability by constructing an optimal on-premise
AI system.

3. Methodology
3.1. Design of the Proposed Model OP-LLM-SA

The proposed model is named OP-LLM-SA (On-Premise Large Language Model for
School Administration), as it is used in school administration. The proposed model extracts
information from a high-performance teacher model and uses it to effectively train a small
student model, as shown in Figure 1.

Figure 1. OP-LLM-SA architecture.
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It was designed to consist of four stages so that inference would be possible even
on computers with CPUs (average memory usage within 4.5 GB), by extracting specific
knowledge from a 70B-class Teacher LLM and training Student LLM between 1B and 3B.
The four stages are as follows: (1) Data Collection and Preprocessing, in which meaningful
text is extracted from various collected documents (Extract Text) and unnecessary gram-
matical particles and emphatic phrases are preprocessed and removed. The preprocessing
stage is then completed while reconstructing the configured dataset. (2) SFT (Supervised
Fine-tuning) of the Teacher Model, which is performed to create learning data in the form
of Instruction–Output pairs. This is the key to determining the quality of fine-tuned data.
(3) Storage of the Instruction–Output pair generated through the teacher model as a Dis-
tilled Dataset based on Knowledge Distillation. Multiple response examples are collected
through the teacher model and converted for use in training the student model. (4) Student
Model Training and Evaluation, in which the lightweight student model is trained, and its
performance is verified.

3.2. Knowledge Distillation Pipeline

The knowledge distillation pipeline procedure for the proposed model, OP-LLM-SA,
is presented in Figure 2. The pipeline was designed for this study by referencing knowledge
distillation research [28,29].

Figure 2. Knowledge distillation pipeline [28,29].

In the proposed model, documents are first organized to create training data. A
(large) teacher model with exemplary answers is built, and then a (small) student model
learns from this model. The goal of the proposed (small) student model is to learn only
the necessary parts lightly, conserving speed and memory while still achieving excel-
lent performance.

Table 2 shows an overview of the knowledge distillation pipeline.
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Table 2. Knowledge distillation pipeline overview [28–31].

Block Description Key Outputs/Inputs

Administrative Document Original PDF documents from
real-world administrative use cases Raw text

Preprocessing
OCR-based parsing and

segmentation of questions and
answers

Cleaned text

Dataset (a) Instruction–Output pairs;
(b) instruction-only prompts

(a) Teacher SFT, KD training and
evaluation data

Fine-tuned Teacher LoRA-based or locally
SFT-completed model High-quality responses

Distilled Dataset Instruction–Output pairs generated
by the teacher model Student model training data

Student Model Parameter-optimized lightweight
model (e.g., 1B~3B) Model capacity

Trained Student Sequential KD-trained model Final output

Evaluation Dataset Real-world public query samples Evaluation metrics (ROUGE,
BERTScore)

Measure Performance Comparative analysis between
teacher and student models

Performance evaluation report
(quantitative + qualitative)

First, School Administration documents are converted to PDF files using HANCOM
2002. Images are excluded, and during text extraction, unnecessary grammatical particles
and emphatic expressions are removed through a preprocessing step. Next, knowledge
distillation is performed. Knowledge distillation involves a student model learning from a
teacher model to increase data accuracy while minimizing parameters [30].

The teacher model obtained from the constructed dataset undergoes SFT (Supervised
Fine-Tuning), during which an appropriate amount of data is used to prevent the teacher
model from collapsing. This can potentially happen when fine-tuning to fit the model to
the data causes it to learn differently from the original model.

To prevent GPU memory shortage errors during teacher model training and ensure
training efficiency, the model is trained using the LoRA (Low-Rank Adaptation) technique.
After training, LoRA and the teacher model are merged to create a fine-tuned model that
can be used without an internet connection, since the base model is required when using
the LoRA model for LLM Inference.

Based on the merged model of the LoRA model (the fine-tuned result of the teacher
model) and the original teacher model, we construct an inference prompt to train the
student model using the fine-tuned teacher model [31].

This prompt consists solely of instructions without output and is designed to gen-
erate various academic administrative documents. The actual knowledge distillation
process consists of extracting the dataset from the teacher model. We query the fine-tuned
teacher model step-by-step with the inference prompt to obtain actual outputs, which
are then used as the training dataset for the student model. The student model uses a
low-parameter model that can run sufficiently even on computers or servers equipped
with low-specification GPUs. To achieve the maximum effect with minimal data, allowing
even low-specification models to work, we limit the number of documents to 80. The
student model is trained using distilled prompts, and its outputs are used to construct
instruction–output data pairs. Finally, an evaluation dataset is prepared to analyze the
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trained student model’s performance. This dataset is acquired through inference results
from each model, enabling performance analysis.

4. Performance Evaluation of the Implementation Model
4.1. Experimental Environment

By separating the learning server and inference server, the learning–verification–
application pipeline was separated to enable operation, enabling parallel research and time
optimization, as shown in Table 3. The model learning server optimized model learning
through large-scale parallel processing and GPU-to-GPU computation distribution, while
the inference server used a single high-performance GPU with relatively low resource
intensity, demonstrating the possibility of model compression and real-time response
system development.

Table 3. Model inference environment.

Specifications

Model Inference Environment

✓ Processor (CPU): AMD EPYC™ Genoa 9654 (96 cores/192 threads)
(AMD, Sunnyvale, CA, USA)

✓ Memory (RAM): Samsung DDR5 Registered ECC 64 GB × 8 units
(Total 512 GB) (Samsung, Suwon-si, Republic of Korea)

✓ Graphics Processing Unit (GPU): NVIDIA RTX 4090 24 GB × 1 unit
(NVIDIA, Santa Clara, CA, USA)

4.2. Text Mining Performance Evaluation

In order to quantitatively evaluate the quality of the administrative document outputs
generated by the proposed OP-LLM-SA model, we analyzed the data extraction perfor-
mance based on the generated text [32]. The evaluation of text mining performance is
based on 80 official documents. This number was chosen to maximize effectiveness with
the minimum number of documents, using a diverse set of 80 official documents to ver-
ify feasibility on low-specification computers in an on-premise environment. While this
may be considered a relatively small sample, most official documents consist primarily of
administrative terminology and are within approximately 500 characters. Therefore, 45
documents were initially selected through preliminary review by six teachers and staff
members who regularly draft and utilize official documents. As this study is text-based,
documents containing non-textual data such as images or graphs were excluded, resulting
in the final selection of 80 documents.

The evaluation items were calculated using four indicators, including token accuracy,
completed sentence rate, sentence naturalness, and format suitability, by comparing and
analyzing the output documents generated by the model with the original administrative
documents and formal appropriateness, as shown in Table 4.

Most of the results showed a high degree of consistency with the original text, demon-
strating the model’s usability.

• Token Accuracy: Measures word- and phrase-level similarity between the original text
and the generated administrative document.
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Table 4. Text mining performance evaluation results.

Metric Percentage (%) Description

Token Accuracy [32] 92.36% The percentage of tokens that are identical to or semantically
consistent with the original text.

Completed Sentence Rate 97.19% The percentage of the model’s output that matches the
sentence-ending structure, relative to the original text (100%).

Sentence Naturalness [33] 99.10% The fluency score based on the language model’s Perplexity,
expressed as a percentage converted from the original text (100%).

Format Suitability 92.85%
The reproduction rate of official and administrative document

format elements (e.g., title, item, label, date, and amount
notation), as a percentage relative to the original text.

It reflects the frequency with which the generated token with the highest probability
matches the correct answer, as follows [34].

Token accuracy =
1
N ∑N

i=1 1(argmaxP(t|contexti) = tre f
i ) (1)

where N is the total number of predictions; argmaxP(t|contexti) is the prediction token
with the highest probability; tre f

i is the actual correct answer token; and 1(. . .) is an indicator
function that returns 1 or 0 to indicate a match.

To evaluate Token Accuracy, titles and content were extracted from 80 public doc-
uments, and the student LLM performed inference. Text preprocessing and few-shot
prompting techniques were applied to ensure output consistency. Accuracy was measured
at 92.36%, with most core vocabulary and syntax matching the original text.

• Sentence Naturalness: This is an indicator that determines how natural the gener-
ated administrative documents are, and it was measured at 99.10%, which is almost
identical to the original text in terms of grammar and fluency [33].

• Completed Sentence Rate: This metric measures the average sentence length and the
percentage of complete sentences in generated administrative documents. Sentence
completeness was measured using a GPT model, yielding an average sentence length
of 15.68 characters and a complete sentence rate of 97.19% when compared to existing
official documents.

• Format Conformity: This metric measures the degree of adherence to official document
formatting standards. Measured using the GPT model, it achieved 92.85%, indicating
a high rate of format element reproduction.

4.3. System Efficiency Evaluation

The efficiency of the on-premise system was evaluated by measuring the average CPU,
RAM, and GPU usage during teacher model learning and inference, and student model
learning and inference, as shown in Table 5.

Table 5. On-premise system efficiency evaluation.

Average Usage (%) Teacher Model
Training Teacher Model KD Student Model

Training
Student Model

Inference

CPU 0.34% 2.86% 0.06% 0.07%

RAM 3.15% 3.16% 3.2% 3.38%

GPU 64.51% (126,804 MB) 36.92% (72,575.84 MB) 10.80% (4709.3 MB) 29.28% (4583.11 MB)
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The reason for measuring CPU, RAM, and GPU usage was to determine whether
bottlenecks occurred on computers used for actual school administration and office work,
which are not high-performance servers but rather general office computers, when generat-
ing official documents using the student model.

The evaluation results showed that meaningful results could be obtained with the
current PC environment in elementary, middle, and high schools in South Korea. In
particular, the GPU memory usage in the student model’s inference task environment was
measured at approximately 4.5 GB, confirming that the model can run sufficiently even on
general office computers equipped with GPUs with small memory capacities.

4.4. LLM Performance Evaluation

To evaluate the performance of the proposed OP-LLM-SA model, we conducted a
performance analysis using comparative indicators to determine whether it was properly
trained from a knowledge distillation perspective and whether its performance could be
effectively manifested. We compared the fine-tuned teacher model, the lightweight vanilla
student model, and the proposed OP-LLM-SA student model. First, the fine-tuned teacher
model is an ideal teacher model generated through data learning, while the vanilla student
model is a general-state student model. The OP-LLM-SA model is a small-scale model
but has been trained using the proposed architecture with an effective framework. The
appropriateness of responses for each question is compared as follows.

BLEU (Bilingual Evaluation Understudy) evaluates how similar a student model is to
a teacher model [35]. BLEU analyzes precision based on sentence length as follows.

BLEU = BP × exp
(
∑N

n=1 wnlogpn

)
(2)

where pn is the n-gram precision; wn is the weight of each n-gram precision; and BP is the
Brevity Penalty—a penalty imposed if the translation is too short.

BP =

{
1 , c > r
exp

(
1 − r

c
)
, c ≤ r

(3)

where c is the length of the candidate translation and r is the length of the refer-
ence translation.

ROUGE-1 (Recall-Oriented Understudy for Gisting Evaluation) is a simple measure of
text similarity based on the unigram (word-level) recall rate, while ROUGE-L extends this
by reflecting whether the word order within sentences is preserved [36].

ROUGE − 1 =
∑w∈Re f min(CountCand(w), CountRe f (w))

∑w∈Re f CountRe f (w)
(4)

where CountCand(w) is the number of times a word appears in the candidate summary
or translation and CountRe f (w) is the number of times a word appears in the reference
summary or translation.

ROUGE-L evaluates not only the word overlap but also the degree to which the word
order within sentences is preserved. Therefore, ROUGE-L complements ROUGE-1 by
enabling the evaluation of both word coverage (ROUGE-1) and sentence-level similarity
(ROUGE-L).

ROUGE − Lrec =
LCS(X, Y)

|Y| ROUGE − Lprec =
LCS(X, Y)

|X| (5)
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ROUGE − L f =

(
1 + β2)× ROUGE − Lrec × ROUGE − Lprec

ROUGE − Lrec + β2 × ROUGE − Lprec
(6)

where X is the candidate summary; Y is the reference summary; LCS(X, Y) is the length
of the Longest Common Subsequence (LCS) between two sentences; and β is a weight-
ing scheme that places greater importance on recall than on precision (commonly set to
around 1.2).

BERT_Score evaluates sentence-level semantic similarity, measuring completeness
through understanding the meaning between sentences [37].

(1) Each token is embedded using a pre-trained language model (e.g., BERT, RoBERTa)
to vectorize it. (2) The cosine similarity matrix is calculated. (3) Precision and Recall are
calculated as follows.

F1 =
2PR

P + R
(7)

where P is Precision, computed as the average similarity between each token in the candi-
date sentence and its most similar token in the reference sentence, and R is Recall, computed
as the average similarity between each token in the reference sentence and its most similar
token in the candidate sentence.

The results of evaluating the performance of the proposed model based on the original
document are shown in Table 6. The proposed OP-LLM-SA model achieved BLEU 97.20,
ROUGE-L 99.04, and BERT_Score 98.29, confirming its overall high performance compared
to vanilla student. In particular, BLEU and ROUGE-L showed figures close to those
of the teacher model, indicating excellent token accuracy and structural reproducibility,
suggesting suitability for official document creation. All are statistically significantly
superior within the 3B group (∆ ≥ +2 percentage points or more).

Table 6. LLM performance comparison results (unit: %).

Model #Params Method BLEU ROUGE-1 ROUGE-L BERT_Score

llama-3.2-
Korean-Blossom

70B Fine-tuned teacher 97.20 99.05 99.04 98.29

3B Vanilla Student 87.50 95.04 94.68 96.09

3B OP-LLM-SA 94.30 98.09 98.18 98.55

llama-3.2-
instruct

3B Fine-tuned teacher 58.54 69.42 68.41 86.78

1B Vanilla Student 43.57 76.15 73.73 86.36

1B OP-LLM-SA 45.31 77.47 76.04 86.94

The Llama-3.2-instruct 3B teacher model showed lower performance with BLEU
58.54 and ROUGE-L 68.41. This highlights that domain-specific training data is a critical
factor in model performance for the Korean language domain.

To assess the qualitative effectiveness of the generated official documents, a qualitative
evaluation (FGI) was conducted with six current teachers who draft and handle admin-
istrative documents. Identifying factors influencing teachers’ acceptance attitudes and
intentions toward IT application in educational settings is crucial for enhancing educational
quality and systematizing administration [38].

The following image shows an official document generated based on the original
text. Six current teachers responsible for drafting and managing administrative documents
conducted a qualitative evaluation of this document, and the result is shown in Figure 3.
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Figure 3. Comparison of the original and model-generated documents.

They assessed structural appropriateness, content completeness, and Sentence Natu-
ralness according to the quantitative evaluation format above. All evaluators showed that
the content generated by the proposed model was directly usable. They assessed it as being
nearly identical in format to existing administrative documents, to the extent that drafting
and editing official documents would be unnecessary.

They also noted the advantage of operating in an on-premise environment, allowing
free use of School Administration-specific terminology. However, they expressed regret
that only text is currently supported. Accordingly, they suggested improvements to enable
document generation beyond simple text, including images and graphs.

• The format and structure of the proposed model are suitable, and the ratio of completed
sentences is also excellent.

• While there are concerns about the leakage of terms used in schools when using
ChatGPT4o, the proposed model appears ready for immediate use as it eliminates the
risk of external leakage.

• It is regrettable that only text generation is possible. Please enable the use of photos
or graphs.

5. Conclusions
This study designed and implemented a knowledge-distilled large language model

(Knowledge-Distilled LLM) architecture for the efficient management of school administra-
tive documents. The proposed OP-LLM-SA model extracted data from a high-performance
teacher model and effectively trained a compact model using this knowledge.

We preprocessed 80 official document files used in actual School Administration
and performed knowledge distillation through fine-tuning of the teacher model. The
system was completed with a student model trained on the results generated through
this process. Text mining performance evaluation showed very high consistency with the
original text. With a token accuracy of 92.36% and a complete sentence rate of 97.19%, the
generated administrative documents were confirmed to be immediately usable in terms of
grammatical accuracy and fluency.

Furthermore, the server for model training optimized this process through distributed
computing. The inference server was confirmed to use relatively few resources, approxi-
mately 4.5 GB of GPU memory, proving its applicability even on general computers used
in schools.

Additionally, meaningful results were obtained from the performance comparison.
We compared a fine-tuned teacher model, a lightweight vanilla student model, and the
proposed OP-LLM-SA student model. The fine-tuned teacher model is an ideal teacher
model generated through data learning, while the vanilla student model is a standard
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student model. Despite being a small model, the OP-LLM-SA model demonstrated a signif-
icant improvement in data learning efficiency when evaluated using the proposed effective
system architecture. The proposed model achieved the following scores, demonstrating
overall higher performance and practical applicability compared to the standard student
model: BLEU 97.20, ROUGE-L 99.04, and BERT_Score 98.29. This suggests the proposed
model is highly suitable for the reproduction and generation of official documents through
directly learning the teacher model’s output sequence.

This study is significant as it verifies the applicability of the proposed model in an
on-premise environment to enhance the efficiency of administrative document processing
in public institutions (schools, district offices, neighborhood offices, etc.). Its significance
is further amplified as it represents the first attempt in a School Administration setting
beyond the existing medical and public sectors.

However, this study has the following limitations.
The proposed model is specialized for the Korean domain, limiting its generalization

due to potential biases and differences in administrative documents outside Korea. Specif-
ically, it was confirmed that using a model with training data optimized for the specific
domain is a decisive factor in performance during document generation. For example,
Llama-3.2-instruct 3B Teacher showed a relatively low performance, with the following
scores: BLEU 58.54 and ROUGE-L 68.41. While the performance of the student model in
the same family was improved, the performance gap compared to Blossom family models
was found to be quite significant.

Furthermore, when verifying the model’s feasibility on low-spec computers in on-
premise environments, only 80 official documents were used. However, judging quantita-
tive metrics based on just 80 official documents has limitations. This study can be viewed
as foundational research that demonstrates that accurate extraction of official documents is
possible even with limited data utilization on low-spec computers.

Furthermore, this research was conducted under the premise that personal information
is unconditionally and perfectly protected within on-premise environments in South Korea,
where personal information protection systems in public institutions are extremely stringent.
However, the potential risks of unexpected data leaks and mitigation strategies for these
risks were not sufficiently explored.

The proposed model focused on performance evaluation and analysis, emphasizing
usability on low-performance computers and text mining performance metrics, but did
not address real-time processing capabilities through metrics such as speed. However,
generative AI boasts extremely fast speeds, meaning that the speed of document genera-
tion through training is critically important for commercialization of the proposed model.
Therefore, in future research, there are plans to perform a more comprehensive study by
setting document generation conditions using various foreign languages, verifying practi-
cality by considering the processing time during performance evaluations, and applying
data security and guidelines for handling public documents when personal information
is generated.
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